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Abstract 
The main contribution of this paper is to introduce the implication of planned and unplanned store visits within a simulation 
framework of pedestrian movement simulation.  In order to implement the activity agenda, pedestrian agents need to successively 
visit a set of stores, and move over the network. The focus is on the number of planned and unplanned store visits because that 
determines the activity agenda. The findings from the collected data of the number of planned and unplanned store visits indicate 
that this number depends of the motivation and some socio-economic characteristics of the visitor in the city center. 
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1. Introduction 
Agent-based modeling is a computational methodology that allows us to create, analyze, and experiment with 
artificial worlds populated by agents. A specific research area is micro-scale agent-based modeling that can be used 
for the simulation the effect of changes in the environment on pedestrian movement. An example concerns the 
simulation of behavioral dynamics in shopping pedestrians movement patterns in city centers. In this context, Ali 
and Moulin (2006) describe their multi-agent simulation prototype of customers' shopping behavior in a mall. This 
paper discusses an example of dynamics as part of a multi-agent model to simulate pedestrian dynamic destination, 
 
 
* Corresponding author. Tel.: +31 0 40 2472262; fax: +31 0 40 2450328. 
E-mail address: J.Dijkstra@tue.nl 
© 2014 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/3.0/).
r-review under esponsibility of Department of Transport & Planning Faculty of Civil Engineering and Geosciences 
Delft University of Technology
on Pedestria    )
560   Jan Dijkstra et al. /  Transportation Research Procedia  2 ( 2014 )  559 – 566 
route and scheduling behavior, where the simulation of movement patterns is embedded in a more comprehensive 
model of activity travel behavior.  
Representation is a main issue in simulating pedestrian dynamics. One can distinguish the representation of the 
pedestrian environment and the representation of pedestrians. In the domain of a city center, representation of a 
pedestrian environment includes the geometry of the shopping environment such as stores and streets, the network as 
a cellular grid, and pedestrian objects. Pedestrian representation includes socioeconomic characteristics, speed, 
goals, familiarity with the environment, and activity agenda. It is assumed that pedestrians perceive their 
environment and that they are supposed to carry out a set of activities. For completing an activity, pedestrians spend 
time in stores. As a consequence, time duration influences their movement behavior over the network. 
Although a 3D presentation of pedestrians and the pedestrian environment for the simulation of pedestrian 
movement is the ultimate goal, it is nevertheless meaningful to test the underlying principles in an appropriate 2D 
representation of pedestrians and their environment. NetLogo1 can be used as a simulation toolkit because it is a 
suitable simulation framework that supports modeling, simulation and experimentation. It also offers skeletons of 
agents and their environment, and interoperability (e.g., Geographic Information System (GIS)). We will use shape-
file information of the environment and network structure for visualizing the 2D environment and NetLogo for the 
actual simulation. 
The main subject of this paper is to introduce the implication of planned and unplanned store visits within a 
simulation framework for pedestrian movement simulation. This framework involves an agent-based model that 
provides an activity agenda for pedestrian agents that guides their shopping behavior in terms of destination and time 
spent in shopping areas. In order to implement the activity agenda, pedestrian agents need to successively visit a set 
of stores and move over the network. It is assumed that pedestrian agents’ behavior is driven by a series of decision 
heuristics. Agents need to decide which stores to choose, in what order and which route to take, subject to time and 
institutional constraints. It is assumed that pedestrian agents are in different motivational states. They may at every 
point during the trip have general interests in conducting particular activities, without having decided on the specific 
store to visit, but they may also be in a more goal-directed motivational state in which case they have already 
decided which store to visit. The motivational states are of influence on the impulse and non-impulse store choice 
processes and therefore on the planned and unplanned visits to a store.  All these aspects affect pedestrian agents’ 
time duration in visiting stores. Pedestrian agents move over a street network and are part of a pedestrian flow in this 
street network. However, pedestrian agents can be temporarily removed from the pedestrian flow by visiting a store 
and participating again in the pedestrian flow after visiting that store.  In that case, the time spent by a pedestrian 
agent in a store is relevant. For the simulation run this time duration is determined by a Monte Carlo simulation 
(Dijkstra et al. (2011)).  
This paper gives in section 2 a description of pedestrian movement simulation and the simulation process. Section 
3 provides the approach about the planned and unplanned store stops with distributions for the different categories of 
pedestrian agents.  Section 4 concludes this paper with conclusions and future work. 
2. Pedestrian agent movement simulation 
In this section, we will discuss the movement simulation and the simulation process. First, we will outline the 
pedestrian agent loop within the simulation setup and next the agent simulation process. 
2.1. Pedestrian agent loop 
Pedestrian movement simulation consists of pedestrian agents and a simulation environment, which consists of a 
street network and a set of stores. Polygons are used to indicate borders and functional areas such as walkways. Each 
cell in the network has information about which agents and polygons occupy it. It also contains information about 
other features such as appearance of stores that are observable from that cell. A pedestrian agent moves with his own 
 
 
1
 https://ccl.northwestern.edu/netlogo/. 
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behavior and personal characteristics. Every time step, there is an update about agent's positions. The cellular 
network provides percepts to the pedestrian agent and the pedestrian agent performs actions based on their percepts. 
Behavioral principles drive the pedestrian movement. Details of the equations representing these behavioral 
principles are beyond the scope of this paper and are presented in Dijkstra et al. (2002); these principles are related 
to the Agent Loop in Fig. 1. They include the perceiving of the environment, the possible match of the percepts with 
the activity agenda and as a consequence the determination of the activation to a store with as a result a completed 
activity with a consequence for the activity agenda. 
Fig. 1. Agent loop within the context of the simulation setup 
 
In the case of the test ground of the city center, each store consists of a cell containing store information. A street 
network consists of cells with cell information. Pedestrian agents are situated in the cells of the network, namely a 
street cell or a store cell. The network is irregular because a clear border between a store and adjacent cell is desired. 
Additionally, each cell in this network is identified by its node and these nodes are linked together. 
For populating pedestrian agents in the environment and for attaching activity agendas to pedestrian agents, a 
Monte Carlo simulation is used which implies that the behavior of each pedestrian agent is simulated by a series of 
draws of random numbers from successive probability distributions (Bierlaire et al. (2005)). These probability 
distributions are based on empirical data, such as time spent in a store, attaching inner lane or outer lane as an entry 
point, speed, and pedestrian characteristics (gender, age, etc.). 
2.2. Pedestrian simulation process 
This section provides some understanding of the engineering basis of the simulation process using NetLogo (Zhu 
et al. (2008). NetLogo is used for the simulation because it easily allows the empirical testing of the principles of the 
simulation approach. An attractive feature is its ability to integrate GIS data directly into the simulation. With the 
integration of GIS, pedestrian agents can move around 'real space'. In the simulation, MapInfo data will be integrated 
with NetLogo. On the basis of this GIS, a network structure with nodes and links will be generated. The nodes are 
related to polygons in the original drawing, and the links will be determined by the topology of the polygons. The 
information of the polygons is available for pedestrian agents moving in the network. This information could be 
store-related information, but also information about the area and perimeter of the polygon. Fig. 1 shows the activity 
diagram of the simulation setup. The simulation process starts with loading the environment involving GIS 
information and databases for instance activity agendas and personal characteristics for creating pedestrian agents.  
The creation of an initial situation means that the environment will be populated with pedestrian agents. The 
simulation time step includes the creation of zero or more pedestrian agents using the Monte Carlo method: a 
pedestrian agent would need to be assigned an initial scenario; the simulation starts at start time. There is an update 
of pedestrian agent scenarios that results in pedestrian agent actions and a schedule of the next step. The 
consequence is the movement to a new position. Then, an update of the environment will be realized; the simulation 
run stops at end time. 
The model structure is based on contexts and projections (Howe et al., 2006). The core data structure is called a 
context that represents from a modeling perspective an abstract population; the objects in these populations are 
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referred as agents. The context provides the basic infrastructure to define a population and the interactions of that 
population; it creates an abstract environment in which agents exist at a given point in the simulation. The context 
also holds its own internal state for maintaining the collection of agents. This state can consists of multiple types of 
data. These provide agents with information about the world in which they interact. In addition, data fields can be 
maintained by the context. A data field is an n-dimensional field of values with which the agents in a context can 
interact. These data fields can be directly associated with a physical space. The field is generic, which means each 
value is derived from a set of coordinates. 
Projections take the population as defined in a context and impose a new structure on it. This structure defines 
and imposes relationships on the population by using semantics defined in the projection; therefore an agent 
population is realized once a projection is applied to it. This means that projections are added to a context to allow 
agents to interact with each other. Each context can have an arbitrary number of projections associated with it (1-n 
relationship); in our case it concerns about two projections.  
A feature of NetLogo is the ability to integrate GIS data directly to the simulation; it provides a set of classes that 
allow shape-files to be displayed. For example, shape-files can be provided by GIS software packages like MapInfo 
and ArcGIS. A GIS contains multiple layers of data; each layer is made up of a number of elements. Each feature in 
the layer has two aspects to it, its geographical coordinates (but it could be also a polygon, polyline or polypoint) and 
the data associated with it. GIS store data about layers in database files, with each record in the file referring to a 
feature in GIS. Actually, NetLogo integration with GIS means shape-file integration while they use the same shape-
file; NetLogo is used to read the shape-file data. Agents are created using these data and the simulation process. This 
means that the context creator provides the population. Agents can be created, re-created and destroyed at every 
simulation step. The interaction with the environment is provided by the shape-file containing GIS data; multiple 
GIS layers are the projections within NetLogo. Two projections are assumed, one for the GIS data and the other one 
for the generated network from this GIS data. The context needs these GIS data for the data fields which provides 
the information from the environment. 
In this approach, the environment consists of polygons representing the network of stores and streets. In fact, this 
network is divided into cells, namely store cells and street cells. Each cell is identified by its node. For instance, 
pedestrian agents can move from a street cell to an adjacent store cell. Cells containing store information are not 
always strictly adjacent, for example. In a GIS software package, feature data will be connected to cells of the 
network and layers will be created. After that, the GIS software package provides the shape-file that will be loaded 
in NetLogo. This shape-file provides the environmental information. The simulation run can be performed. Each cell 
in the network has a node. An agent is located in a node on the underlying representation and can move on the 
implicit generated network to other nodes. Strictly speaking, it does not follow a cellular automata approach because 
an agent moves from node to node and is situated randomly in the cell related to that node. Nevertheless at each time 
step, there is an update of the environment involving an update of the network according to ‘network rules’.  
Tomassini (2006) pointed out that standard lattice cellular automata and random Boolean networks can be 
extended to a wider class of generalized automat networks that can be built on any connected graph. In this 
approach, there is no uniform transition function; the change is in the local transition function. 
In our approach, we have no uniform lattice of cells and no uniform transition rules; transition rules in the sense 
that the transition of cell i at time t depends on the state of the neighboring cells. In our approach, a street_cell i in 
the network is bounded to the stay of a maximum number of pedestrian agents related to node i.  
Pedestrian behavior and pedestrian profile characteristics result in pedestrian activity and choice moments. That 
results in position change from a current position in cell i linked to node i to a next position in cell j linked to node j. 
Strictly speaking, our approach is not CA-based, because an agent moves from node to node and is situated 
randomly in the cell related to that node.; nevertheless at each time step there is an update of the network according 
to ‘network rules’. 
In this context, let L consist of a lattice of cells representing the network of store-cells and street-cells, and let 
ܥ ൌ ሼܿଵǡ ܿଶǡ ܿଷǡ ǥ Ǥ Ǥ ǡ ܿ௡ሽ  denote the set of n cells. Furthermore, let S be the set of finite states, where ܵ ൌ
ܵ௞భ
௠భ݋ܵ௞మ
௠మ݋ ǥ ݋ܵ௞೙
௠೙
 with ܵ௞೔
௠೔
 is the state of cell ci with ki pedestrian agents and a maximum of mi pedestrian agents 
in cell ci. A configuration ȳ௧ǣ ܮ ื ܵis a function that associates a network configuration state of the lattice L; the 
network update function f changes configuration ȳ௧into new configuration ȳ௧ାଵ:ȳ௧ାଵሺݏሻ ൌ ݂ሺሼȳ௧ሺݎሻȁݎǡ ݏ߳ܵሽሻǤ The 
network update function includes the ‘walk-to-node’ operation for each pedestrian agent in the network. 
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In this paper, the focus is on implication of planned and unplanned store visits within pedestrian movement 
simulation that will be discussed in the next section. 
3. Planned and unplanned store stops 
Borgers et al. (1986) used Monte Carlo simulation for the incorporation of the number of stops and the sequence 
of planned stops/purposes. In their opinion, the concept of multi-stop, and multi-purpose behavior is relevant for 
understanding pedestrian behavior. According this line of thought, we assume an activity agenda includes a number 
of planned and unplanned store visits. Planned and unplanned store visits can also be seen as non-impulsive and 
impulse visits to stores. 
In our approach of pedestrian simulation, each pedestrian agent receives at its introduction in the simulation a 
scenario. This pedestrian scenario includes besides general characteristics like gender and age, also familiarity with 
the city center, motivation, time budget, and activity agenda. After a store visit, the activity agenda will be 
rescheduled. The number of activities of an activity agenda en thus the number of planned and unplanned store visits 
depends on motivation and is determined by a Monte Carlo simulation.  
For this purpose, data from visitors to the city center of Eindhoven are gathered by interviewing them about their 
motivation and the stores they visited. They are also asked about successful visits and which of them were planned 
and unplanned; 402 routes were identified.  
Fig. 2. Number of planned stops; goal oriented motivation, male & age<55 
 
The findings from the collected data of the number of planned and unplanned visit stops show a skewed 
distribution. The skewed distributions are different depending of gender, age category and motivation. We often 
need a skewed distribution where probability densities below and above the mean are distributed differently. In this 
case, we assume, by analogy with multiple stops, a Gamma distribution. The probability density function of the 
Gamma distribution is given by: 
݂ሺݔǢ ݇ǡ ߠሻ ൌ ݔ௞ିଵ ೐షೣ ഇΤഇೖ೨ሺೖሻ  (1) 
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where k is the shape parameter (݇ ൐ Ͳ) and ߠ is the scale parameter (ߠ ൐ Ͳሻ. Both ݇ and ߠ are positive; they are 
derived from the skew normal distribution of the number of (planned) stops from the collected data depending on 
gender, age category and motivation. The shape parameter ݇ is derived from the skewness of the skew normal 
distribution (Fig. 2 shows an example), and the scale parameter ߠ is derived from the mean and ݇. These parameters 
are given by: 
݇ ൌ ሺ మೞೖ೐ೢ೙೐ೞೞሻଶǡ ߠ ൌ ೘೐ೌ೙ೖ   (2) 
Table 1 shows the values of the parameters of the Gamma probability distribution for different motivation, 
gender and age category. For the age category, there was only possible to make a distinction between “over 55” and 
“less or equal than 55” years. This was evident from the previous mentioned collected data.  
Table 1. Parameter values given different motivation, age category and gender. 
Ag
e 
ca
te
go
ry
 
Pa
ra
m
et
er
 Motivation 
 Goal oriented  Leisure oriented  No spec. 
intention 
Num. 
stops
Plan. 
stops
Num. 
stops
Plan. 
stops
Num. 
stops
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Male -  - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - 
< 55 ݇  2.079 2.419  11.973 2.356  4.655 
 ߠ  .957 .662  .279 .845  .421 
 55 ݇  2.773 1.821  64.515 28.597  1.333 
 ߠ  .721 .890  .035 .050  1.252 
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - Female - - - - - - - - - -- - - - - - - - - - - - - - - - - - - - 
< 55 ݇  4.331 4.906  711.11 9.467  110.80 
 ߠ  .623 .416  .006 .261  .028 
 55 ݇  1.897 1.174  31.210 95.181  5.642 
 ߠ  1.270 1.678  .138 .025  .507 
 
Looking at these results, the distinction between the number of stops and the planned number of stops is 
remarkable. It seems that the more goal oriented, the less there are unplanned stops. If we want to apply Monte Carlo 
simulation, we need to look at the appropriate distribution function. In our study, the inverse Gamma function 
ܩሺ݌ሻis applied, which is the inverse cumulative distribution function (Eq. 3). 
ܩሺ݌ሻ ൌ ܨିଵሺ݌Ǣ ݇ǡ ߠሻ ൌ ሼݔǣ ܨሺݔǢ ݇ǡ ߠሻ ൌ ݌ሽ (3) 
where  
݌ ൌ ܨሺݔǢ ݇ǡ ߠሻ ൌ భഇೖ೨ሺೖሻ ׬ ݐ௞ିଵ݁ି௫ ఏΤ
௫
଴    (4) 
Fig. 3 shows the ܩሺ݌ሻ distribution for respectively goal oriented motivation, leisure oriented motivation and 
no specific intention motivation; all regarding the number of (planned) stops. The number of unplanned stops can be 
derived from the calculation of the number of stops minus the number of planned stops. Also, there is a distinction 
the categories gender (male, female) and age (<55, 55 years). 
Figures 3-5 show: goal oriented motivation corresponds more to a planned route; leisure oriented motivation 
corresponds more to an unplanned route. If one has no specific intention, then one has an unplanned route and no 
planned stops. 
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Fig. 3. G(p) for goal oriented motivation 
 
 
 
 
 
 
 
Fig. 4. G(p) for  leisure oriented  motivation 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 5. G(p) for no specific intention motivation 
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4. Conclusions and future work 
In this paper, we discussed only a small part of a simulation platform for performing the pedestrian movement 
simulation, namely planned and unplanned visits. Pedestrian behavioral principles were briefly mentioned, and the 
pedestrian movement simulation setup as well as simulation process were briefly discussed. In the current state of 
the pedestrian agent model system, all data for the pedestrian movement simulation were collected. The findings 
about the number of planned and unplanned visits to a store were presented. This gives the number of planned and 
unplanned stops for the activity agenda in the simulation process. The framework for processing agent-based 
pedestrian activity simulations will be implemented and all the data will be integrated in the agent model system. 
This is a step by step process. At this moment, the signaling intensity of a store is represented by a priority of 
visiting the selected regarding store; and the store visits are split up in planned and unplanned visits. 
The pedestrian model system will be tested in a 2D environment, because we want to validate the basic principles. 
Also, pedestrian agents move from node to node and are situated into the cells related to those nodes. They are 
situated randomly in those cells, but if the cell is completely occupied by other pedestrian agents, they cannot move 
to that cell. This approach reduces the complexity of the simulation by ignoring collisions and with that collision 
detection. These certain characteristics of the system make the simulation feasible because computer power is less 
binding. If all the parts are implemented, validation of the pedestrian model system will be performed. The data 
collection will be split up into two parts and the results of the separate simulation experiments will be compared.  
Future developments should make the pedestrian agent model suitable for a 3D environment with lifelike virtual 
persons. In that case, the pedestrian agent movement will be realized from cell point to cell point considering 
collision detection. Finally, this will result in a virtual environment of a real situation, populated with virtual persons 
and a real person (user) moving amongst these virtual persons. A user can assess an environment that has high 
reality content. Preferences of users can be collected and the utility of a proposed situation can be estimated where 
appropriate. With this approach, it is possible to gain a deeper insight into the activity behavior of city center visitors 
and thus in the pedestrian flows in city center environments, even for those that do not exist yet.  
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